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ABSTRACT

Many compound Al systems are inherently approximate because the ML components (e.g., a large language
model) are probabilistic models and the non-ML components (e.g., retrieval-augmented generation) are heuristic.
Such systems benefit from trading off result quality for improved performance. While extensive work exists on
approximating ML and non-ML components individually, the wide deployment of LLMs in compound systems
presents significant opportunities for end-to-end, accuracy-aware compilation. However, tailoring approximations
across these different components is challenging to implement. This difficulty comes from their reliance on
different software stacks for compilation and execution, as well as deployment on different hardware.

To address these issues, we present ApproxMLIR, a reusable accuracy-aware compilation toolchain. ApproxMLIR
introduces the approx MLIR dialect that serves as a unified and centralized interface for defining approximations
and approx-opt, a reusable MLIR-based optimizer, which applies approximate transformations on ML and
non-ML components. We evaluated ApproxMLIR on three compound Al systems, which combine LLMs with
information retrieval tasks and tool calling. The evaluation shows that ApproxMLIR can effectively represent
many common approximation choices, discover profitable points in the accuracy-performance tradeoff space and

consistently achieve higher speedups compared to static approximation strategies.

1 INTRODUCTION

The modern trend of Al is shifting from stand-alone models
to complex, multi-component applications, which comprise
Large Language Models (LLMs) with non-ML components
such as vector databases, search engines, and other tradi-
tional code (Zaharia et al., 2024). The components of com-
pound Al systems are often probabilistic and/or heuristic by
nature, which creates a natural tolerance for error. To reduce
latency, energy consumption or monetary cost, many exist-
ing applications have used algorithmic approximations for
LLM components (e.g., by substituting LLMs with smaller
ones, or doing aggressive quantization) and non-LLM code
(e.g., setting the parameters of algorithmic approximations
or using system-level approximation techniques (Stanley-
Marbell et al., 2020)).

However, realizing such opportunity and controlling approx-
imation across a compound Al system is still very difficult.
The biggest challenge is the fragmented compiler ecosystem,
which forces approximation techniques to be implemented
in ad-hoc, completely independent frameworks. The ML
components (e.g., written in JAX or PyTorch) and non-ML
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components (e.g., written in C/C++) are written in, opti-
mized, and deployed by entirely separate toolchains. Be-
cause these systems are so different (compilers, intermediate
representations, runtime systems), there is no centralized lo-
cation in the compilation process to perform accuracy-aware
compilation across an end-to-end system.

The unification between various compilation flows, includ-
ing ML and non-ML code, has been one of the major moti-
vations for the MLIR (Multi-Level Intermediate Represen-
tation) compiler framework (Lattner et al., 2021). While
MLIR provides the infrastructure for a unified IR, it does not
directly address a fundamental approximation management
issue: we lack a unified specification for defining approxima-
tions that can operate across all levels of this new hierarchy.
For example, annotations in a specific IR are coupled to a
single level of abstraction. Annotating at a low level (e.g.
LLVM IR as existing tools do (Sampson et al., 2015)) means
high-level semantics (e.g. loops, structured control flow) are
already lost, while specifying approximation in a high-level
Python library prevents fine-grained, low-level optimization
opportunities. Also, even within MLIR, a naive in-place
approach, such as binding approximation information as
attributes to existing ops, has key issues: it would be inva-
sive, i.e., require handling in many existing dialects, and
insufficiently expressive, because attributes cannot define
an approximation scope over an arbitrary region of code or



represent dynamic logic like runtime bindings.

MLIR’s generality provides an exciting opportunity to ex-
tend it with accuracy-aware compilation, which discovers
substantial gains in performance and resource efficiency by
trading small sacrifices in quality and manages approxima-
tion choices across multiple components at runtime. The
core task of an accuracy-aware compiler is to find the opti-
mal combination of approximation knobs, which are discrete
parameters that control the accuracy-performance trade-off
for different parts of the code (Misailovic, 2022). Given a
high-level, end-to-end quality-of-service (QoS) specifica-
tion from the user, the compiler autotunes the application by
exploring the configuration space to find settings that maxi-
mize performance while satisfying the QoS constraints. The
configuration search space is often large. The final output
of this process is a Pareto frontier, also known as a trade-
off curve, which represents a set of optimal configurations
in the quality-performance tradeoff space. It gives a user
the freedom of choosing acceptable accuracy-performance
tradeoffs dynamically, on demand.

Our Work: ApproxMLIR We present ApproxMLIR, a
MLIR-based compiler toolchain for unified accuracy man-
agement across ML and non-ML components. ApproxM-
LIR comprises the approx dialect, a modular and non-
invasive specification for accuracy-aware compilation, and
compiler passes and runtime system designed to find the
optimal accuracy-performance trade-off for a compound Al
system, given a user’s Quality of Service (QoS) requirement.
ApproxMLIR achieves this goal by (1) searching a large
space of configurations—sets of parameters that define an
end-to-end approximation strategy, (2) approximating the
system via approx-opt, and (3) emitting fine-grained dy-
namic approximation semantics through our runtime system,
approx—-runtime.

The core of our system is the approx MLIR dialect, which
serves as the single, centralized interface for approximation
management across computations. This dialect provides
the specification for approximation, while an external au-
totuner provides the strategy for searching the accuracy-
performance tradeoff space. We use MLIR based on two
considerations. First, the autotuner only needs to under-
stand the approx dialect. It does not need to know how
to transform any concrete MLIR operations, which is espe-
cially important because MLIR operation interfaces evolve
rapidly. Second, it enables ApproxMLIR to approximate
IRs of different levels simultaneously.

We evaluate our system on three compound Al systems
and five non-ML kernels, which serve as tools in these
compound Al systems. Our ApproxMLIR implementation
supports JAX frontend for the ML components and C++
frontend via Polygeist (Moses et al., 2021) for non-ML
components. We use Gemma 3 variants as the LLM in our

evaluation. ApproxMLIR finds profitable tradeoff points
and consistently achieves better speedups compared to static
approximation methods. For instance, the LLM + RAG (kb)
benchmark demonstrated speedups of 2.64x at a 6% QoS
loss and 3.04x at a 9% QoS loss. Also, it yields superior
accuracy-performance trade-off curves (Pareto frontiers)
than static methods, giving users greater control over the
quality-performance tradeoff.

Contributions. The paper makes several contributions:

* We introduce the approx dialect, a MLIR dialect that
serves as a unified and centralized interface for defining
approximations. It enables intuitive specification of ap-
proximation scopes and parameters across multiple levels
of abstraction, and across ML and non-ML components
in a compound Al system. We also provide frontends for
expressing knobs for modern MLIR toolchains including
C/C++ comments and Python APIs.

* We develop a reusable MLIR-based optimizer, named
approx-opt, which implements the compiler passes
necessary to lower the approx dialect and apply approx-
imate transformations on ML and non-ML components.

* We build an accuracy-aware compilation tool-chain
that integrates approx—-opt with an external search
framework (OpenTuner) and our runtime system,
approx-runtime. This toolchain holistically opti-
mizes end-to-end compound Al systems by co-tuning
both ML and non-ML components through the common
approx dialect interface.

* We evaluate our system on three compound Al systems,
which combine LLMs with information retrieval tasks
and tool calling. ApproxMLIR consistently achieves bet-
ter speedups compared to non-approximated MLIR and
static approximation strategies. We open-source the com-
piler, which is available at https://github.com/
uiuc-arc/approxMLIR.

2 EXAMPLE: BM25 RAG

Retrieval-Augmented Generation (RAG) framework aims
to improve the trustworthiness of generated text and pre-
vent LLM hallucinations by connecting a Large Language
Model (LLM) to an external data source. BM25 is a popular
keyword-based retrieval algorithm. It ranks documents in
the database based on how often the words from the user
query (especially rare ones) appear in the document, relative
to the document size. It is one of the most common retrieval
algorithms used by modern RAG workflows.

Figure 1 (left) presents the basic RAG workflow. It first calls
a ranking function that scores documents using BM25 algo-
rithm and retrieves the top ranked ones, then constructs
the prompt. Those functions are implemented as C++
code. Finally, the program calls the (Generate (LLM,
context)) function, which invokes the LLM inference
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Example: BM25-based RAG

1: function BM25_RAG(query, corpus)

2 scores <— BM25SCORE(query, corpus)

3 topdoc <— FILTERTOPKDoOCS(scores)

4: context <— CREATEPROMPT(topdoc, query) User
5 return GENERATE(LLM, context) Queries
6: end function

Fragmented Toolchains & Lost semantics in RAG pipeline

Non-ML Path ML Path

; Before: High level MLIR
; scf.fore %doc = 0 to %n {...}
; After: Low level LLVM IR

BM25SCORE| " N Generate() :
205 polygeist Retrieval
(C++) yt‘e's etriev: oax) —>REEIXLA Generation
L ,K BJ E/.

%doc = phi i32 [0, %entry], [%next, %loop]

%next = add 132 %doc, 1

A

; Before: High level MLIR
; stablehlo.dot_general(lhs, ...) ...
docs ; After: Lower level LLVM IR

%ptrl = getelemntptrr ...

Retrieved
Answers

call void @llvm.matrix.multiply(...)

Figure 1. A pseudocode of example compound Al application (left) and the illustration of a challenge in approximating compound Al
systems (right): Non-ML and ML components are compiled with fragmented toolchains and some relevant semantic information is lost

after lowering from high to low level IRs.

to produce the final result. BM25 document scoring and
retrieval compiles via Polygeist to LLVM. The LLM gener-
ation compiles via JAX to StableHLO.

Approximation Opportunities. There are several oppor-
tunities for approximation in both the non-ML and ML
components of the program:

* Corpus Subsetting Knob This approximation applies
during the initial preprocessing stage. It uses function
substitution. The system may use a version that proba-
bilistically skips documents, reducing the total number of
documents that are considered for the search.

* Term Scoring Knob This approximation applies during
the main scoring loop, which is executed for each unique
term in the query. It uses function substitution to replace
the exact scoring function. Based on a runtime state, the
system may skip the scoring calculation for a document
with a 10% or 20% probability.

* Context Selection Knob This approximation applies dur-
ing the prompt assembling stage, which truncates the
prompt based on runtime state such as similarity of the
retrieved results.

* LLM approximation This approximation applies dur-
ing generation stage, which is executed per retrieval. We
factor out the ML kernels to be substituted by their ap-
proximated variants.

Quality Metric. The inherently approximate nature of this
computation requires a user to specify the QoS metric. For
compound Al systems where the LLM returns the answers to
user’s questions, a common metric is accuracy, the fraction
of correct answers relative to the total number of queries.

2.1 Challenges

1. Fragmented toolchains. Each tool chain (e.g. Polygeist,
JAX) compiles separately and requires the implementation
of separate optimization passes. Figure 1 (right) outlines the
separate compilation of components in BM25 RAG. There
is no convenient way to jointly tune or coordinate these
approximations (either off-line or at runtime).

2. Prior unification was not convenient. Tools like Ap-
proxHPVM (Sharif et al., 2019) and ApproxTuner (Sharif
et al., 2021) unify heterogeneous approximate computation
at the level of LLVM IR instructions and CUDA kernels.
That approach is overly low-level for advanced optimization,
as it is difficult to maintain the high-level program construct
(e.g., tensor operations become pointer arithmetic, kernels
like matrix multiplications become just loop nests).

3. Static approximation can be inflexible. Performing
approximation at runtime (e.g., to adjust to input character-
istics or system’s energy requirements) can lead to better
accuracy-performance trade-offs. While there is a long line
of works that propose dynamic approximation in classical
approximate programs (Baek & Chilimbi, 2010; Hoffmann
et al., 2011; Hoffmann, 2015; Mitra et al., 2017; Xu et al.,
2018; Pei et al., 2019), it is not natively supported in the
MLIR toolchain.

4. MLIR’s gap. Current MLIR dialects provide multi-level
infrastructure but lack approximation support. Attaching ap-
proximation as attributes to existing ops would be invasive
because it requires modifying every dialect’s transformation
passes to preserve metadata. For example, consider attach-
ing an approx.transform = "skip" attribute to an
scf.for loop. When a standard tiling pass (e.g., in the
linalg or affine dialect) rewrites this loop into outer
and inner loops, the attribute is silently dropped by the trans-
formation, losing the approximation metadata entirely. A
separate dialect can avoid this by centralizing approximation
management into first-class operations that are explicitly
handled during lowering.

2.2 ApproxMLIR Solution for BM25 RAG

The approx dialect unifies approximate transformations and
the management of accuracy knobs within the single MLIR
compiler tool chain.

Concretely, ApproxMLIR addresses the challenges above
as follows. First, both the non-ML path (BM25 scoring,
compiled via Polygeist to scf/arith dialects) and the ML
path (LLM generation, compiled via JAX to stablehlo)
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Figure 2. ApproxMLIR High-Level Compilation Workflow

are represented in MLIR, and each is wrapped with the com-
mon approx dialect, eliminating the fragmentation across
toolchains (Challenge 1) while preserving high-level struc-
ture (Challenge 2). Second, the approx . knob operation
provides a unified abstraction that connects each approxi-
mation site to the runtime system. For example, the BM25
corpus subsetting knob is expressed as:

%$r = approx.knob(%n, ...) <{id = 1,
params = "...",
transform_types = "..."}> ({
approx.decision_tree (%state) <{
runtime = "get_retrieval_state",
thresholds = [...],
decisions = [...],
transform _type = "func_substitute"}>
// ... scoring loop
approx.yield %scores
b=

The decision_tree operation enables approximation
parameters to change dynamically based on runtime state
(addressing Challenge 3). Third, because approximation
is encoded as first-class approx operations rather than
fragile attributes, standard MLIR lowering passes (tiling,
bufferization, etc.) do not discard approximation metadata,
the approx ops persist until they are explicitly lowered by
approx-opt (resolving Challenge 4). Our evaluation in
Section 7 confirms that this dynamic, end-to-end approach
consistently yields better accuracy—performance trade-offs
than static approximation strategies.

3 BACKGROUND

Knobs and Configurations. An approximation knob is
a discrete-valued parameter of an approximation method
(represented using integers in ApproxMLIR) that can be
modified to control the quality, energy, and running time. A
configuration assigns an approximation knob value to every
operation in the program.

Application-level QoS is an application-specific metric de-
fined by a real-valued function for a specified configuration
(the “QoS Evaluator”), along with a lower-bound value for
the desired application quality (the “QoS Target”). This
function should quantify how well the application delivers
on its desired goals. For example, for a RAG pipeline, the
QoS can be defined by the ratio of correctly answered ques-
tions in an evaluation dataset. We follow the practice from
approximate computing where QoS is characterizing the
quality of the output, with the execution time not included.

Tradeoff Curves. A tradeoff point is a triple,
(QoS, ExecTime, config), which specifies the quality-of-
service and the performance of the configuration on rep-
resentative inputs. A tradeoff curve (Pareto frontier) is a set
of non-dominated points in the tradeoff space (i.e., those
that do not have both lower quality and performance).

Approximate Transformations. One set of transforma-
tions reduces the overall computation. Instead of executing
all code, some parts are selectively skipped. They can be
fine-grained, like loop perforation (Misailovic et al., 2010;
Sidiroglou-Douskos et al., 2011), which modifies a loop’s
stride to execute only a subset of its iterations or memoiza-
tion, which reuses previously computed results (Chaudhuri
etal., 2011; Samadi et al., 2014). They can also be coarse-
grained, like task skipping (Rinard, 2006; Meng et al., 2009),
where entire function calls or regions of code are bypassed to
save time. Another common approximation method is func-
tion substitution (Zhu et al., 2012; Ansel et al., 2011), which
replaces a call to a precise but computationally intensive
function with a faster, user-provided approximate version.
A complementary set of techniques focuses on data formats,
to reduce the computation and size of models. For example,
using 16-bit half-precision floats (FP16) instead of 32-bit
floats, or quantization, which converts floating-point num-
bers into low-bit integers (e.g., INTS8) (Frantar et al., 2023;
Lin et al., 2024; Cheng et al., 2025; Yang et al., 2025). Ma-
chine learning models can also be made smaller and faster
through pruning (Ma et al., 2023; Sun et al., 2024; Wei et al.,



2025; Liu et al., 2025), a process that removes unimportant
weights or even entire channels from the network.

However, while all these strategies are powerful, their im-
plementations today are deeply fragmented. This imple-
mentation gap highlights the need for a unified compiler
infrastructure that can manage all these different types of
approximations holistically.

4 APPROXMLIR DIALECT

4.1 Overview

Figure 2 shows the high-level compilation workflow of Ap-
proxMLIR, with three main stages. The front-end takes
in ML and non-ML kernels that compose the compound
Al system and the QoS specification of user. The ML ker-
nels are written in JAX and non-ML kernels are written in
C/C++, with QoS specs and other user interface detailed in
Section 5.1. MLIR-compatible frontends like Polygeist (for
C/C++) and the JAX toolchain lower this source code into
standard MLIR modules.

These modules are then processed by the core ApproxM-
LIR toolchain. At its center is the approx dialect, which
serves as the unified interface for defining approximation
knobs across all components, detailed in Section 4.2. The
framework uses External Modules like OpenTuner to au-
totune the system, searching a large configuration space
to find the optimal accuracy-performance trade-off. The
chosen configuration is applied by approx—-opt, contain-
ing a set of MLIR compiler passes detailed in Section 5.
The approx—runt ime enables dynamic approximation,
allowing ApproxMLIR to select configurations at runtime.

Finally, the optimized and approximated MLIR modules
are passed to the Back-end for code generation. We use
standard MLIR-compatible backends: LLVM codegen to
produce executables for the non-ML parts and the IREE to
create Python Artifacts for the ML components.

Why do we need a separate dialect? Designing a separate
MLIR dialect, instead of using a simpler approach like at-
taching attributes to existing MLIR operations, is motivated
by two key traits: centralization of accuracy management
and runtime awareness.

Binding approximation attributes to each enclosed opera-
tion would be invasive because it would require modify-
ing all enclosed operations. The solution is centralizing
approximation management and implementation into one
dialect, such that the dialect has great extensibility when
adding either a capability related to approximate computing
or an approximation strategy implementation, as discussed
in Section 4.2.1 and Section 4.2.2. A centralized dialect
also provides a unified interface for autotuner. An auto-
tuner does not need to understand the semantics of concrete

MLIR operations such as scf.for, stablehlo.dot,
or any other dialect. It only needs to find all approx.knob
operations in the code and interface via their attributes. This
design effectively decouples the search problem from the
compilation problem.

A separate dialect can define its own operations to handle
complex and dynamic systems. Compound Al systems
are often stateful, meaning a static approximation is not
always optimal and potentially unsafe, because errors can
be amplified or suppressed based on the program’s running
state. To handle such issues, the approx dialect offers
operations that enable fine-grained dynamic approximation,
such as approx.decision_tree, listed in Table 1.

4.2 The approx Dialect

The dialect provides a wide range of capabilities: approx-
imation interface by approx.knob operation, dynamic
approximation by approx .decision_tree operation,
and approximation strategy by approx.transform,
with a concise yet powerful interface described in Table 1.

4.2.1 Specification of approximate transformations

The operation approx.transform specifies the con-
crete description of an approximation. It has two attributes:
transform_type to define approximation strategy (e.g.,
a loop perforation), and t ransform_value to define ap-
proximation intensity mapped to an integer (e.g. 0 for exact,
1 for mild, 2 for aggressive). The transform operation only
specifies implementation, the actual approximation is per-
formed by a MLIR pass detailed in section 5.5.

To add a new implementation, we can simply add a new
rewrite rule to the corresponding MLIR pass with no new
MLIR operations needed. This design makes the super-
position of approximation strategies easy, because we can
compose an arbitrary number of transform operations within
aregion. Also, developers can easily add support for new ap-
proximations or new target dialects by simply adding more
rewrite rules, detailed in Appendix D. Thus, testing and de-
veloping a new pass can be done with MLIR infrastructure.

4.2.2  Specification of approximation management

Unlike the transform op, which describes the imple-
mentation details of an approximation strategy, the
approximation management operations, including the
approx.decision_tree and approx.knob opera-
tions, support higher-level capabilities, such as enabling
fine-grained dynamic approximation, representing the scope
of approximation, etc.

Adding management operation is also different from adding
an approximation implementation because it must be low-
ered before the concrete approximation implementation.



Table 1. Concise Specification of the ApproxMLIR approx Dialect Operations. The full specification is in Appendix A.

approx operations | Roles

Syntax (detailed in Appendix A)

knob Serves as the primary interface for an
autotuner, also define scope for approxi-

mation. (Sec. 4.2.2)

approx.knob <{

id= ... ,

params = "...",
transform_types = "...",

}> (%arg0, ...) —-> (type, ...)
(...region...)

decision_tree Enables fine-grained dynamic approxi-

mation. (Sec. 4.2.2)

approx.decision_tree (%$runtime_input) <{
runtime = "...",

of an approximation. (Sec. 4.2.1)

thresholds = [...],
decisions = [...],
transform.type = "..."
try Implements try-check-recover safety | approx.try (%recovery.args) <{
contract for error detection and recov- recover = "@..."
ery. (Sec. 4.2.2) >
// check region —-> il
}
yield Terminator for the region within an | approx.yield
approx.knob operation. (Sec. 4.2.2)
transform Specifies the concrete implementation | approx.transform <{

transform_type = "...",
transform.value =

1>

For example, to add the dynamic approximation, we need
to define the approx.decision_tree operation which
has 4 attributes: runtime specifies which function in
the runtime library we use, transform_type specifies
which strategy each branch applies, thresholds and
decisions specifies the condition and decision of each
branch. Also we need to define its lowering pass, detailed
in section 5.3. Similarly, for a knob operation to define an
interface with external modules such as an autotuner, we de-
fine approx . knob operation which has 3 attributes: id
for tracking the knob, t ransform_types for specifying
acceptable approximation strategy, params for encoding
information that is used to guide autotuning and apply ap-
proximation, which will be explained further in Section 5.2.
The knob operation has a terminator approx.yield.

Approximate computations can produce invalid results that
propagate errors across components. To guard against this,
the approx dialect provides the approx .t ry operation,
which implements a try-check-recover pattern introduced
by previous works (De Kruijf et al., 2010; Achour & Rinard,
2015; Joshi et al., 2020). It takes a user-defined check region
that validates the approximate result (yielding an 11), and
a recover attribute naming a fallback function (which a
developer writes to, e.g., re-execute the code or do some
other corrective action). Like approx.decision_tree,
safety contracts are a management operation, orthogonal to
the concrete approximation strategy and lowered indepen-
dently before approx.transformis applied.

We want to make this separation between management
and implementation clear because management is decou-

pled from implementation. For example, an operation
approx.decision_tree manages the "when” approx-
imation happens. It is independent of “how” approximation
happens (i.e. the approximation implementation). The idea
also decouples the lowering of approximation management
and the lowering of approximation implementation into sep-
arate passes. Specifically, for all the concrete transform
types (e.g. loop perforation), we only need to implement
the decision_tree lowering once.

4.3 Source Code Annotations

Annotation for non-ML kernel. ApproxMLIR supports
two annotation formats for C/C++ kernels, both generate
intermediate MLIR annotation operations. The first format
uses structured C++ comments above the target function:

// @approx:decision_tree {

// state_function: get_state

// thresholds_lower: [0]

// thresholds_upper: [100]

// decision_values: [0, 1]

// transform_type: func_substitute
// '}

The second format uses #pragma directives, which support
backslash line continuations for readability:

#pragma approx decision_tree \
state_function=get_state \
thresholds_lower=[0] \
thresholds_upper=[100] \
decision_values=[0, 1] \
transform_type=func_substitute



Step O : Input ML and Non-ML kernels

) |

Step 2 : Emit decision_tree op

) |

Step 4 : Bind runtime

// runtime = "get_state",

// thresholds_range = [...],
// decision_values = [...], .
// transform_type = ... params = ....}
int kernel(int n, ...) {

for(int i = 1; i < n; i++) {

func.func @kernel(%arg0: i32, ...) {

approx.decision_tree(%arg0,
transform_type = "loop_perforate", runtime =
"get_state", thresholds

func.func @get_state(%arg0: i32, ...) -> i32

// knob op and func omitted here
I %0 = call @get_state(%arg0, ...) : ...
e )<

- P o132 scf.index_switch(...)

. ! case ... {
// Toop, stride = 1 (omitted) approx.transform <{transform_type =
} oG > "loop_perforate", knob_val = ....}>
} o } e // Tloop, stride = 1 (omitted)

Step 1: Emit knob op & interface w/ Tuner} {

Step 3 : Lower decision_tree op

Step 5 : Apply transform op

) |

.... // knob op and func omitted here MLIR modules==
%0 = call @get_state(%arg0, ...) : ...
func.func @kernel(%arg0: 32, ...) { %L = arith.cmpi sge, %0, <threshold> : 132 %c2 = arith.constant 2 : index
%2 = arith.select %1, <one>, <zero> : 132 scf.index_switch(...)
— approx.knob( ) <{id = 0 : 32 ... // count the number of thresholds < %0 -
para|;|; = }>. ’ and assign it to %cnt case { // approximate at runtime
e . . scf.index_switch(%cnt) o . . .
// Tloop, stride = 1 (omitted) o 1 %4 = arith.index_cast %arg0 : 132 to index
P oGl > .. O TR <EETSnE & ; %§ ? scf.go;/%_flxgglz) =siéifli.dzo_%421 step %c2 ->
} o "loop_perforate", knob_val = ....}> }' o e ! -
// Tloop, stride = 1 (omitted)
) .
Figure 3. Example: Loop perforation by ApproxMLIR.
Both formats are semantically equivalent and can be mixed
within the same source file. approx-opt [ Bind approx runtime ]

Annotation for ML kernel Similar to non-ML kernel anno-
tation, for ML kernels, we have similar Python API, whose
internal implementation will be detailed in section 5.4.

approx.Knob (kernel = kernel_exact,
decision_tree=approx.DecisionTree (
runtime_function=get_state,
thresholds_range=[ (0, 100)1],
decisions_values=[0, 1],
transform_type = "loop_perforate"
))

Both annotations share four fields. The field runtime
specifies the name of a user-provided function for
dynamic approximation detailed in the section 5.4;
threshold.-range and decision_values specify
the decision tree, detailed in the section 4.2.2; and
transform_type specifies the actual approximation
strategy to be applied, including loop_perforate,
function_substitute and task_skipping.

5 APPROXMLIR COMPILATION
TOOLCHAIN

This section describes the ApproxMLIR compiler passes
and the passes that lower the ApproxMLIR code into ordi-
nary MLIR code. We also describe the backends and the
autotuner. Figure 4 presents the overview of the compila-
tion system, as the ApproxMLIR dialect, the compiler and
the autotuner interact. Figure 3 gives the description of the
compilation steps on a running example.

approx ops approx ops
A

Identify knobs ’Apply hlgh-levelJ Eﬁpply low-level

approx Dialect |

\ 4 4
Search profile accuracy,

. . Configure
configuration —> & performance

MLIR code
space ¢
Autotuner check exit
condition

Figure 4. ApproxMLIR Toolchain Overall Architecture

5.1 Translate Source Annotations to ApproxMLIR

An error knob is implemented by the approx . knob op-
eration, which is emitted by identifying a target region
of code in the input ML or non-ML kernel using anno-
tations, as shown in Figure 3, step 0. The knob operation
encloses the region of code to approximate so that it can
enable future approximation pass to transform it. The en-
closed region (e.g., the for loop in our example) is then
hoisted into the body of the knob operation. During this
process, attributes for the knob, such as its id, parameters,
are attached to the operation.



5.2 Generate Autotuning Code

ApproxMLIR compiler next generates code that interfaces
with standard autotuning libraries. Auto-tuning starts by
parsing all approx.knob ops within the MLIR representation
of the system. The tunable parameters whose ranges are
specified in params from these knobs are composed into
a configuration array and passed to the OpenTuner inter-
face. OpenTuner’s built-in search algorithms then select a
new configuration to evaluate. This new configuration is
encoded and written back into the MLIR code by setting
the params attribute of the corresponding approx . knob
operation, shown in step 1, Figure 3. params contains all
the encoded information (e.g., decision thresholds, selected
transformations) of the enclosed operations. We implement
the auto-tuning workflow using a standard autotuner frame-
work, which takes as input the list of configurations from
the knob specifications. We use OpenTuner (Ansel et al.,
2014) as a prototypical case of autotuner designed to search
large configuration spaces.

5.3 Emit and Lower Approximation Management
Operations for Non-ML and ML Operations

After autotuner configures the params of the knob op,
we emit the rest of the management operations (i.e. de-
cision_tree op in figure 3) by decoding the params field.
The transform type, thresholds, and decision values will
be determined by the decoding phase, meaning both the
management of approximation and the implementation of
approximation are tunable.

These management operations are lowered by a MLIR pass
to standard MLIR. As shown in Figure 3 step 3, the deci-
sion_tree operation is lowered into standard MLIR control-
flow operations. The branch to take is determined by com-
paring the runtime return value against a set of thresholds.
For example, if return value is larger or equal to zero and
less than the first threshold, it goes to the first branch.

Each branch will first copy the exact operations enclosed
in the knob. For a non-ML operation, it will emit an extra
transform operations in its branches, whose knob value
is set by the decision of the branch. For a ML kernel, it
will emit a return statement, this will be explained in the
section 5.4.

5.4 Runtime System (approx—runtime)

The runtime system is the most critical component in the
ApproxMLIR toolchain. The goal is to (1) support manage-
ment operations. (2) support systematic auto-tuning.

Dynamic approximation. ApproxMLIR binds the user-
defined runtime functions that enable the dynamic approxi-
mation, which depends on concrete logic provided by the

runtime library in the form of custom runtime functions. For
instance, a user might write a function to check a system’s
execution state or analyze input data characteristics to guide
the approximation on a knob. The binding process searches
the user-provided runtime library and links the previously
emitted call instruction to the corresponding user-written
function, according to the runt ime attribute in the deci-
sion_tree function. To add a user-defined library, the user
can simply define the function in the runtime directory and
indicate the function name in the annotation.

Autotuning. ApproxMLIR enables autotuning by having
a library for parsing and modifying MLIR code, including
matching the knobs and handling encoding and decoding
of the params field. The user will inherit from a well-
defined openTuner driver class, which contains calls to
the runtime functions by default. User only needs to de-
fine run_application functions which calls the user
workload and returns the corresponding accuracy and per-
formance for auto-tuner profiling. Since the parsing and
modification of internal MLIR files are completed by the
default driver, the user does not need to know any specific
approx operations.

5.5 Apply the Transform Operation

With the management approximation operations lowered
and runtimes bound, the final step is applying the con-
crete approximation implementation. These transforma-
tions are described by approx.transform operations,
which were originally nested within the bodies of the ap-
proximation management operations. In Figure 3, after
step 3, they now reside inside the regions of the result-
ing standard control-flow structures (the case blocks of an
scf.index_switch).

Each approx.transformoperation specifies a static ap-
proximation strategy through its attributes. Lowering it will
apply the concrete approximation to its parent region by a
MLIR pass. Our implementation includes three classical
approximate transformations as rewrite rules: loop perfora-
tion, which modifies the stride of a loop to skip iterations;
function substitution, which replaces a call to an exact func-
tion with a call to a user-provided approximate version; and
task skipping, which rewires control flow to skip branches.

Transform operation lowering is implemented by a MLIR
rewrite rule (i.e. RewritePattern), which invokes MLIR
driver API to greedily apply each applicable rule. For exam-
ple, loop perforate rewrite rule will match any existing trans-
form operation and compare the transform_type attribute
with “loop_perforate”. If it’s matched, it will rewrite the
first loop within the parent region of the transform op.

Although these transformations are static and rigid on their
own, they are powerful when embedded in the dynamic



constructs. For example, aggressively perforating a loop is
often unsafe, but doing so conditionally based on runtime
data via a decision tree can yield significant performance
gains while maintaining the required quality of service.

The MLIR modules from Figure 3, step 5, are in the standard
dialects which are legal input to MLIR-compatible backend,
including LLVM backend and IREE compiler backend. For
non-ML kernel, all the operations will be lowered with their
lowering pass well-defined in MLIR infrastructure, into a
LLVM file, which is then compiled into a target platform
executable. For the ML kernel, the dynamic selection logic
(i.e. the control flow in Figure 5), detailed in section 5.4, is
compiled into an executable targeting CPU. The ML kernel
is compiled into differently approximated artifacts by IREE
compiler backend (e.g. LLM-pro and LLM-fast in Figure 5)
and approx—runt ime will then select different artifacts,
offloading them to GPU during run time.
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Approximated ML kernels

Web | RAG LLM Data Tool
search | (approx) | generate | processing |invocation
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application
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E Non-ML approximations

Figure 5. Approximated artifact produced by ApproxMLIR. The
compiler applies approximations in ML or non-ML compo-
nent. All the inserted knobs are uniformly orchestrated by
approx—-runtime, yielding the tradeoff curve.

6 EXPERIMENTAL METHODOLOGY

ApproxMLIR uses a systematic and centralized approach
to enable approximation on compound Al systems. The
same approximation implementation and management can
be adapted to various use cases. We evaluate ApproxMLIR
on various workloads, including 5 kernel benchmarks and 3
compound Al system benchmarks.

Benchmarks. We apply approxMLIR on two categories of
benchmarks, kernels and compound Al systems. A com-
pound Al system consists of an LLM, kernel(s) and orches-

tration logic. The kernel benchmarks include:

* kmeans: a data clustering tool (Hartigan & Wong, 1979),

* lavaMD: a particle simulation algorithm (Fink et al., 2023),

e pagerank: an algorithm for ranking documents for
search (Brin & Page, 1998)

* bm25: aranking algorithm (Robertson & Zaragoza, 2009)

* knowledge base (kb): ranking algorithm implemented by
ranking vectorized text; it compares distance from ques-
tion embedding and the text embedding in the knowledge
base (Cakaloglu et al., 2019).

The compound Al system benchmarks represent popular
examples of compound Al systems:

* LLM + RAG (bm25). It uses bm25 to retrieve relevant
data from data pool. The retrieved data will be used to
generate an answer for a question.

* LLM + RAG (kb). It uses knowledge base to retrieve
data using vectorized data pool. The retrieved data will
be used to generate an answer for a question.

* LLM + tool invocations. It comprises a triage LLM which
selects the tool for answer generation. The tool can be
one of the kernels (i.e., bm25, lavaMD, pagerank and kb).

Appendix B presents more details of benchmarks implemen-
tation. Table 2 shows the number of possible configurations
of each benchmark.

Large Language Model. The core of a compound Al
system is LLM inference. We select Gemma 3 (Gemma
Team, 2025) as LLM because they are open-source, JAX-
supported, IREE-compatible and has numerous released
variants (e.g. different model sizes). We use 1b and 4b
Gemma for demonstration.

Datasets. The input to the non-ML kernels (e.g. kmeans)
are randomly generated. We use NQ dataset for LLM +
RAG (bm25) benchmark and LLM + RAG (kb) bench-
mark (Kwiatkowski et al., 2019). The corpus consists of
90011 documents. We use the augmented-NQ dataset for
LLM + tool invocation benchmark, where the augmentation
is customized for the tool invocation, including the ques-
tions that involve our tools (e.g. clustering related questions
for kmeans).

The dataset is separated into tuning data and evaluation data,
which are both randomly sampled. We made sure there is no
overlap between tuning data and evaluation data, showing
the generality of our tuning. The size of the evaluation
dataset is 5x the size of the tuning dataset.

Quality of Service Definition. The tuning process of the
ApproxMLIR requires the user to dictate how the QoS is
calculated. In our experiment, for compound Al system



Table 2. Comparison of benchmarks with the number of error
knobs and configuration.

benchmarks # knobs  # configuration
lavaMD 2 1600
knowledge base (kb) 2 450
bm25 3 4.8 x 10°
pagerank 3 2250
kmeans 3 5 x 10°
LLM + RAG (bm25) 4 9.6 x 108
LLM + RAG (kb) 4 1.8 x 107
LLM + tools 12 1.7 x 10%

(comprising the LLM and the tool) the accuracy is:

unestion score

accuracy = -
Y # questions

ey

The NQ dataset provides one or more short answers. A
question is considered correctly answered, receiving a score
of 1, if the short answer is in model’s generated answer.
Otherwise, the question receives a score of 0.

For non-ML kernels, the accuracy is defined to be L2 norm
error for kmeans and lavaMD:

[exact = Yaporos |12

s.t. 2 =
||yexact||2 , ”yH

Accuracy;, = 1 —

n
2
E Yi
i=1

(@)

where the yexaet 1S defined to be the output by the exact
program and the y/approx 1s defined to be the output by the
approximated program compiled by approxMLIR.

For pagerank, RAG (bm25) and RAG (embedding), accu-
racy is calculated using the Rank-Biased Overlap (RBO).
The RBO similarity is calculated using the persistence pa-
rameter p = 0.95, which is chosen to give a more system-
centric ranking measurement (Webber et al., 2010).

Given S and T as the two ranked lists (exact and approxi-
mate), and Ay = |Sy N Ty|/d. Here, Sy and T} are the top
d of elements in lists S and 7T'.

The accuracy is defined as:

(1-p) 25:1 pit- Ay
(1-p) 25:1 pit

3)

Accuracypgo =

where D = min (1000, max(|S|, |T])) is the depth of com-
parison. The denominator is the maximum possible RBO
score for a list of depth D, where 1000 is selected to truncate
the ranking time.

7 EVALUATION

7.1 ApproxMLIR Compared to Non-Approximate
MLIR and Static Approximations

Figure 6 presents the comparison with 3 compound Al sys-
tem benchmarks at 3 levels of QoS loss tolerance (3%, 6%
and 9%). The y-axis represents the speedup of the approxi-
mate versions relative to the exact version of each compound
system (dashed line). The results show the fine-grained dy-
namic auto-tuning, enabled by approx dialect design and
our toolchain implementation, yields better performance
than the statically approximated system. The reason is that
a static approximation cannot exploit the state of the appli-
cation or the input characteristics, whereas a fine-grained
dynamic approximation can exploit them via user-defined
runtime functions through approx—runt ime. For some
benchmarks under certain QoS tolerance, there is no im-
provement over the static approximation. It happens be-
cause the configuration space for the fine-grained dynamic
approximation is much larger than the static approximation,
so the most optimal configuration might not be exploited by
the autotuner in our time budget (12 hours).

Despite this, the end-to-end approximation exhibits better
performance than the per-kernel ones. For instance, the
LLM + RAG (kb) benchmark, ApproxMLIR (orange bar)
achieves speedups of 2.64x, 2.64x, and 3.04x at the 3%,
6%, and 9% QoS loss levels, respectively. The speedups
in the experiments differ by up to 18.6%, 19.5%, and 3.7%
between the tuning set and the evaluation set for the LLM
+ bm25, LLM + kb, and LLM + tool benchmarks, respec-
tively. Also, we can see that most of the approximations
by ApproxMLIR give substantial speedup, when sacrificing
acceptable QoS.

7.2 Comparing ApproxMLIR’s Fine-grained Dynamic
Approximation Tuning to Static Approximations
Tuning

We measure how tuning is improved by comparing the
Pareto set generated by fine-grained dynamic approximation
against the Pareto set generated by static approximation.

Figure 7 and Figure 8 present the Pareto frontiers of the
three compound Al applications and five kernels. In each
plot, the x-axis represents the QoS loss of the computation
(lower is better) and the y axis presents the execution time
(in seconds per input in the tuning dataset; lower is better).
The small numbers on the plots are tuning time where con-
figuration is explored in hour. Each point represents one
approximate configuration explored by approx-opt au-
totuner. The blue line represents the Pareto frontier of the
dynamic approximation. The red line represents the Pareto
frontier of the static approximation.

For the three compound Al systems, the results show that dy-
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Figure 7. Tuning trace on compound Al systems shows approx dialect’s design improves the tuning across components and systems

namic approximation (blue line) yields better tradeoffs than
the static approximation, without a decision tree (red line).
They overlap at some QoS loss, for the similar reason as in
the previous section. Also, the dynamic approximation gives
more trade-off points in the Pareto set, which allows user to
have more control over the performance/accuracy trade-off.
We observe that such improvement is consistent over bench-
marks of different granularity: both compound Al system
and individual kernel benefit from fine-grained dynamic
approximations.

7.3 Compiler Statistics

The ApproxMLIR takes on average 120 seconds to compile
ML kernels as parameterized ML kernels are memory-heavy
and takes on average 5 seconds to compile non-ML kernels.
The autotuning, which is set to be 12 hours for compound
Al system benchmarks and 2 hours for kernel benchmarks
in Figure 7, shows that such compilation overhead is accept-
able to yield good tuning curves. The configuration used
for evaluation set is selected from the Pareto frontier of the

tuning set. By comparing Figure 6 and Figure 7, we can see
the QoS-performance trade-off of tuning set can generalize
to the evaluation set. It also shows the tuned system can
have significant improvement on end-to-end performance
while sacrificing acceptable QoS.

8 RELATED WORK

Accuracy/performance trade-offs in compound Al sys-
tems The evolution from simple generation (Radford &
Narasimhan, 2018; Devlin et al., 2019; Touvron et al.,
2023) to multi-component compound Al systems (Lee et al.,
2025), such as Retrieval-Augmented Generation (RAG)
(Lewis et al., 2021), has introduced new optimization chal-
lenges. Traditional compilation techniques for ML and
non-ML code are conservative, as they are required to main-
tain the the semantic equivalence of the compiled program
across the compilation process (Lattner & Adve, 2004;
Kotsifakou et al., 2018). However, the components of com-
pound Al systems, particularly the ML models, are often
best-effort and heuristic in nature. Such inherent impreci-
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sion means the end-to-end system has a natural tolerance
for some degree of error, creating an opportunity to strate-
gically sacrifice a small amount of accuracy for significant
performance gains.

Accuracy-aware compilation The idea of trading accuracy
for performance is not new. A number of approximate com-
pilation frameworks (Li et al., 2018; Zhao et al., 2023) have
been developed to explore this trade-off. These frameworks
share a common set of concepts. They take a Quality of Ser-
vice (QoS) specification, which defines the tolerance on the
end-to-end accuracy, and approximate the programs such
that it achieves the best performance while satisfying the
QoS specification. An end-to-end approximation strategy
is defined by a configuration, which is a set of parameters
that describe how approximation should be applied to each
of the knobs. While the knob abstraction and source code
annotations have been introduced by early accuracy-aware
compilers in the early 2010s, these abstractions still have
not been introduced in the MLIR framework, nor unified
across ML and non-ML frameworks until ApproxMLIR.

There have been many analyses to establish safety and accu-
racy of approximate computations (Misailovic et al., 2011;
Sampson et al., 2011; Carbin et al., 2013; Misailovic et al.,
2014; Fernando et al., 2019; Dal Lago & Gavazzo, 2022).
Related techniques in formal methods focus on verifying
approximated DNNs (Ugare et al., 2022; 2023; Singh et al.,
2025) With explicitly exposed approximation primitives
in the intermediate representation, ApproxMLIR enables a
clear interface for introducing the implementations of such
analyses in the MLIR framework.

Compiler infrastructure for machine learning The mod-
ern compiler infrastructure for machine learning is a
complex and fragmented ecosystem. It includes vari-
ous front-ends for ingesting code from languages like Py-
Torch (Paszke et al., 2019), JAX (Bradbury et al., 2018),

as well as non-ML frontends like Polygeist for C/C++ and
Mojo compiler for Python (Modular, 2025). The middle-
end, where optimization occurs, has historically been frag-
mented with a variety of tools like TVM (Chen et al., 2018),
IREE (The IREE Authors, 2019), and Triton (Tillet et al.,
2019). These tools set the engineering foundation for per-
forming unified analysis and optimization across compound
Al systems. We build our system on top of the MLIR infras-
tructure, which provides a unified and extensible infrastruc-
ture that can represent and optimize code at multiple levels
of abstraction, making it well-suited for the challenges of
compiling compound Al systems.

9 CONCLUSION

Many compound Al systems benefit from trading off result
quality for improved performance, but existing compilation
stacks do not allow for unified and centralized approxima-
tion management. To address these issues, we presented Ap-
proxMLIR, which offers a unified approximation interface
in MLIR. Our evaluation shows that ApproxMLIR can effec-
tively represent many common approximation choices, dis-
cover profitable points in the accuracy-performance space,
and consistently achieves higher speedups compared to
static approximation strategies. ApproxMLIR gives a small
common set of approximation primitives that can be used in
various practical applications.
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A apPROX DIALECT SPECIFICATION

This appendix provides a specification for each operation
within the approx dialect.

A.1 ApproxMLIR Management Operations

These operations define logic for controlling approxima-
tions.

A.l.l approx.knob

Syntax

approx.knob <{
id = ...,
params = "...",
transform_types = "...",

}> (%arg0, ...) -> (type, ...) {

// Region containing the exact code

Summary The approx.knob operation is the central
interface with autotuner.

Data-Flow Analysis

Operands: The values that are live-in to the knob’s re-
gion.

Results: The values that are live-out of the knob’s re-
gion.

Attributes

id: A unique identifier for the knob.

params: (Array) This attribute is read and written by the
autotuner, and is parsed by approx-runtime.

transform types: (Array of Strings) Lists the types
of transformations (e.g., "loop_perforate”) that can be
applied within this knob’s region.

Region The region where an approximation can be ap-
plied.

A.l.2 approx.decision_tree

Syntax

approx.decision_tree (%runtime_input) <{
runtime = "...",

thresholds = [...],

decisions = [...],

transform_type = "..."

P> o

// code in each branch

Summary Enables fine-grained, dynamic approximation
strategies by emitting a decision tree implemented by con-
trol flow and approx—runtime.

Operands

runtime_input: The value, determined at runtime by
the runt ime function and the emitted branch count-
ing logic, used to select a branch (i.e. which approxi-
mation to apply).

Attributes

runtime: (String) The name of the user-provided runtime
function to be called.

thresholds: (Array of integers, derived from knob
params) An array of values that define the boundaries
for branch selection. This attribute is set by the com-
piler runtime, which parses the params attribute of
the parent approx . knob operation.

decisions: (Array of integers, derived from knob
params) An array of values, one for each branch,
dictating the approximation to apply. This attribute
is also set by the compiler by parsing the parent
approx.knob’s params.

transform type: (String, derived from knob params)
Pass to t ransform operations within its branches.

Region Inherited from the parent knob operation, describ-
ing the region to apply approximation for each branch.
When decision tree operation is lowered, the region will be
cloned to all branches of the control-flow branches, along
with emitted transform operation.

A.2 ApproxMLIR transform operation

A.2.1 approx.transform

Syntax

approx.transform <{
transform_type = "...",
transform_value =

1>

Summary Specify a concrete, low-level program transfor-
mation. Can be inserted within knob op, specifying static
approximation on the knob, or inserted within decision tree’s
branches, specifying fine-grained dynamic approximation
on the knob.



Attributes

transform type: (String)
of  approximation. Implemented  ex-
amples include "loop-perforate",
"function-substitute", and
"task-skipping".

Defines the  type

transform value: Aninteger value associated with the
transformation. 0 means exact. The larger the value
is, the more aggressively we approximate the parent
region.

B WORKLOADS
B.1 lavaMD

LavaMD (Molecular Dynamics) is a computational simula-
tion benchmark designed to model the physical movements
of atoms and molecules. It calculate the potential energy and
forces between all particles within a given system, which is
typically divided into a 3D grid of boxes. Particles interact
with other particles within their own box (”’self-box’’) and
with particles in adjacent boxes (’neighbor-box”).

The workload is tuned with a grid size parameter of 8.

B.1.1 Input Dataset Generation

The input dataset consists of randomly generated particles.
The number of particles is determined by the number of
boxes in the 3D grid and a fixed number of particles per
box.

The particle data are initialized randomly at the start. The
position vector of each particle is initialized with random
floating-point values in a specific range ([0.1, 1.0]). Each
particle’s scalar charge is also a random float in the same
range.

B.1.2  Approximation Knobs

Self-Box Calculation Knob This approximation applies
to the calculation of forces between particles within the
same box. It uses loop perforation to dynamically skip
calculations. The decision to approximate is based on the
specific particle’s charge. If the charge exceeds a pre-defined
threshold, the computation is accelerated by skipping half
of the particle-pair interactions. Otherwise, the full, exact
calculation is performed for that particle.

Neighbor-Box Calculation Knob This approximation
applies to the calculation of forces from particles in all ad-
jacent boxes. It uses function substitution, dynamically re-
placing the exact function with one of approximate versions.
The choice of which function to use is purely probabilistic.
There is a 70% probability of substituting the exact function

with a version that skips 1/8 of iterations, and a 30% proba-
bility of substituting it with a more aggressive version that
skips 1/4 of iterations.

B.2 Knowledge Base (KB)

This workload simulates a vector search task. It compare
a single query against a large corpus of documents. Both
the query and the documents are represented as embeddings.
The core of the workload involves parsing these embeddings
from text and computing the cosine similarity between the
query vector and every document vector to find the most
relevant documents.

B.2.1 Input Dataset Generation

The input query is a question randomly selected from the
Natural Questions (NQ) dataset, and the document corpus
is the NQ dataset’s documents. In this workload, each doc-
ument’s high-dimensional embedding is stored as a long
string of text.

B.2.2  Approximation Knobs

Embedding Parsing Knob The approximation applies to
the initial step of converting from documents to embeddings.
It dynamically selects the parsing method: when the runtime
state exceeds a threshold, the system switches from exact
parsing to an approximate parser that truncates each value
to lower precision

Similarity Computation Knob This approximation ap-
plies to the main computation loop that iterates over all
documents in the corpus to find the best matches. It also
uses function substitution. Based on a runtime state. In the
exact case (if the state is below a threshold), it computes the
similarity for 100% of the documents. In the approximate
case (if the state is above that threshold), it substitutes an
approximate version that probabilistically skipping 5% of
the documents to accelerate the overall search process.

B.3 BM25

This workload implements the Okapi BM25 (Best Match-
ing 25) algorithm, a ranking function used in information
retrieval and search engines. It scores the relevance of docu-
ments based on the query terms they contain. The score is
calculated using term frequency (TF), inverse document fre-
quency (IDF), and document length. The process involves
text preprocessing (lowercasing, tokenizing), calculating
statistics for each query term, and scoring all documents.

B.3.1 Input Dataset Generation

The input query is a question randomly selected from the
Natural Questions (NQ) dataset, and the document corpus



consists of the NQ dataset’s documents, loaded from a text
file where each line is a separate document.

B.3.2  Approximation Knobs

Text Preprocessing Knob This approximation applies
during the document and query preprocessing stage. It uses
function substitution. Based on a runtime state, the system
may use a version that only lowercases the first character of
each word and uses a simpler space-based word boundary
check instead of the full alphanumeric test.

Corpus Subsetting Knob This approximation applies
during the initial preprocessing stage. It uses function sub-
stitution. Based on a runtime state, the system may use a
version that probabilistically skips documents (e.g., with
15%, 30%, or 50% probability), reducing the total number
of documents that are considered for the search.

Term Scoring Knob This approximation applies during
the main scoring loop, which is executed for each unique
term in the query. It uses function substitution to replace
the exact scoring function. Based on a runtime state (de-
rived from the term’s IDF), the system may skip the scoring
calculation for a document with a 10% or 20% probability.

B.4 K-Means

This workload implements the K-Means algorithm. The
algorithm iteratively refines a set of ‘k*‘ cluster centers (cen-
troids). In each iteration, it performs two steps: first, it
assigns every data point to its nearest centroid; second, it
recalculates each centroid as the mean of all points assigned
to it. This process repeats for a fixed number of iterations.

B.4.1 Input Dataset Generation

The input data set is generated synthetically. It consists of
a specified number of high-dimensional data points. Each
coordinate of each point is a random floating-point value
within a fixed positive range ([0.0,100.0]). The initial ‘k*
centroids are selected by choosing ‘k* of these generated
data points at random.

B.4.2 Approximation Knobs

Centroid Selection Knob This approximation applies to
the “assignment” step, specifically the inner loop where a
single point calculates its distance to all ‘k* centroids to find
the nearest one. This loop is a knob that can be perforated.
Based on the current k-means iteration number, the loop
may be accelerated by skipping distance calculations to
some of the centroids, potentially assigning the point to a
“near” but not “nearest” centroid.

Point Assignment Knob This approximation applies to
the main “assignment” loop, which iterates over all data
points in the dataset. This loop is also a knob that can be
perforated. Based on the current k-means iteration number,
the loop may skip processing some data points entirely.
Those skipped points are not assigned to a new cluster and
do not contribute to the recalculation of the centroids in that
iteration.

B.S PageRank

This workload implements the PageRank algorithm, a
method for ranking the importance of nodes in a graph.
The algorithm is iterative. In each iteration, it updates every
node’s rank by summing the rank contributions from all
nodes that link to it (its in-neighbors). A node’s contribution
is its own rank divided by its total number of outgoing links
(out-degree). A ”damping factor” is also applied to simulate
a random web surfer.

B.5.1 Input Dataset Generation

The input is a directed graph. The workload supports two
generation modes. The primary mode generates a random
graph with a specified number of nodes and an average in-
degree. Edges are created by randomly selecting source
nodes for each destination node. Alternatively, the “file”
mode can load a graph from a text file containing an edge
list.

B.5.2  Approximation Knobs

Node Rank Update Knob This approximation applies
to the function that calculates a single node’s new rank.
It uses function substitution, and the decision is based on
the current iteration number. The available approximate
versions implement the summation logic using a hard-coded
stride, skipping either half or two-thirds of the in-neighbors.

Neighbor Summation Knob This approximation applies
during the iterative PageRank computation. It uses function
substitution. Based on a runtime state, the system may use a
version that probabilistically skips iterations (e.g., with 25%
probability) or uses a strided iteration pattern reducing the
total number of iterations performed and removing expen-
sive thread synchronization barriers to allow asynchronous
execution across worker threads.

B.6 LLM + RAG (bm25)

bm25
- generate
retrieval

Figure 9. LLM + RAG (bm25) AI workflow
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This workload is a Retrieval-Augmented Generation (RAG)
system that answers user queries by first searching a docu-
ment corpus. The system uses the BM25 kernel to retrieve
an initial set of documents, which are then re-ranked. Based
on a confidence score from this retrieval step, the system
generates the final answer.

B.6.1 Approximation Knobs

Retrieval Knob The entire BM25 retrieval kernel are ap-
proximated the same as the bm?25 kernel.

QA Model Selection Knob This is a dynamic approxima-
tion based on the retrieval score, to choose between fast and

pro ML kernel.

B.7 LLM + RAG(kb)

kb
retrieval

Figure 10. LLM + RAG (kb) AI workflow
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This workload is a RAG system that uses vector embeddings
for retrieval. A user’s query is first embedded and then
compared against a vector database using the “knowledge
base” (KB) kernel to find semantically similar documents.
After a re-ranking step, the system generates the final answer
based on the retrieved context.

B.7.1 Approximation Knobs

Retrieval Knob The retrieval part is also the same as the
kb kernel.

QA Model Selection Knob Based on the retrieval score,
the ML kernel is approximated to use fast or pro ML kernel.

B.8 LLM + tool invocation

LLM + tool invocation answers queries by using exter-
nal tools. A user’s query is first analyzed by a “triage
agent” which selects an appropriate tool (e.g., ‘kb‘, ‘bm25°,
‘lavaMD¢, ‘kmeans®) to execute. The raw output from the
chosen tool is then post-processed by a ’summary agent.”
Finally, this summarized result is passed to generate the
final natural-language answer, as shown in Figure 11.

B.8.1 Approximation Knobs
This system has a deep hierarchy of approximation knobs at

every stage of the pipeline.

Tool Kernel Knobs Each individual tool that can be called
(‘kb‘, ‘bm25°, ‘lavaMD¢, etc.) has knobs within.

triage ' :
agent > bm25 :
: summary | |
(tool, : tool |} agent L for ey
necessity) H output (summary, | |
i usefulness) |
: E

Figure 11. LLM + tool invocation Al workflow

Summary Agent Knob The summarization can be ap-
proximated using a simpler, faster summarization LLM.

QA Model Selection Knob The QA can also be approxi-
mated to using a faster LLM.

C REWRITE RULES

C.1 Function substitution
input MLIR
func.func @approx_base_1

($arg0: 132, %argl: i32) -> 132
attributes {llvm.linkage =

#1lvm.linkage<external>}
%$cl = arith.constant 1
%c2 = arith.constant 2
%$c0_1i32 = arith.constant

%0 = arith.index_cast $%arg0

%1 = scf.for %arg2 = %cl
iter_args (%arg3 =
%2 =
index to 132
%3 = arith.muli %2,
%4 = arith.addi %arg3,
scf.yield %4 i32
}
return %1
}
func.func @approx_base_2
($arg0: 132, %argl: 1i32)
attributes {llvm.linkage
#1llvm.linkage<external>}
%cl = arith.constant 1
%$c2 = arith.constant 2
%c0_132 = arith.constant

i32

$0 = arith.index_cast %arg0

%1 = scf.for %arg2 = %cl
$c2 iter_args(%arg3 =
%2 =
index to 132
%3 = arith.muli %2,
%4 = arith.addi %arg3,
scf.yield %4 i32

%$c0_1i32) —>
arith.index_cast %arg2

%argl

%$c0_1i32) —>
arith.index_cast %

%argl

{

index

index

0 : 132

132 to index
to %0 step %c2
(132) |

i32
$3 @ 132

-> 132

{

index

index

0 : 132

132 to index
to %0 step

(132) {
arg2

i32
%3 : 132



}

return %1 : 132

}

%3 = arith.muli %2, %argl : 132
%4 = arith.addi %arg3, %3 : 132
scf.yield %4 : 132

func.func @base(%arg0: i32, %argl: i32) -> i32 }

attributes {llvm.linkage =
#11lvm.linkage<external>} {

%cl = arith.constant 1 index
%$c0_132 = arith.constant 0 : 132
%0 = arith.index_cast %arg0 132 to index
%1 = scf.for %arg2 = %cl to %0 step %cl
iter_args (%arg3 = %$c0_1i32) -> (i32) {

%2 = arith.index_cast %arg2

index to 132

%3 = arith.muli %2, %argl : 132

%4 = arith.addi %arg3, %3 : 132
scf.yield %4 : 132

}

return %1 : 132

}
output MLIR
func.func @__internal_base

(%arg0: 132, %argl: 132)
-> 132 attributes

{llvm.linkage = #1llvm.linkage<external>}
%cl = arith.constant 1 index
%$c0_i32 = arith.constant 0 : i32
%0 = arith.index_cast %arg0 132 to index
%1 = scf.for %arg2 = %cl to
%0 step %cl iter_args(%arg3 = %c0_1i32)
-> (132) {
%2 = arith.index_cast %arg2
index to 132
%3 = arith.muli %2, %argl : 132

%4 = arith.addi %arg3, %3 : 132
scf.yield %4 : 132

}

return %1 : 132

}

func.func @base

(%arg0: 132, %argl: i32) -> 132 attributes

{llvm.linkage = #llvm.linkage<external>} {

%7 = func.call @approx_base_2 (%arg0, %argl)
(132, 132) —-> 132

scf.yield %7 : 132

return %7 : 132

}

C.2 Loop perforation
input MLIR

func. func @base(%arg0: i32, %argl: i32) -> i32

attributes {llvm.linkage =
#1lvm.linkage<external>} {

%cl = arith.constant 1 index
%$c0_1i32 = arith.constant 0 : i32
%0 = arith.index_cast %arg0 132 to index
%1 = scf.for %arg2 = %cl to %0 step %cl
iter_args (%arg3 = %$c0_1i32) -> (i32) {

%2 = arith.index_cast %arg2

index to 132

return %1 : i32

}
output MLIR

func.func @base

(%arg0: i32, %argl: i32) -> 132
attributes {llvm.linkage =
#1llvm.linkage<external>} {

%4 = arith.index_cast %arg0 132 to index
%5 = scf.for %arg2 = %cl to %4 step %cl
iter_args (%arg3 = %c0_1i32) -> (i32) {

%6 = arith.index_cast %arg2

index to 132

%7 = arith.muli %6, %argl : 132

%8 = arith.addi %arg3, %7 : 132
scf.yield %8 : i32
}

return %5 : 132

}

C.3 Task skipping
input MLIR

func.func @vl_impl

($arg0: 132, %argl: memref<?xi32>,

%arg2: 132) attributes

{llvm.linkage = #llvm.linkage<external>} {

%cl = arith.constant 1 index
%$c0_132 = arith.constant 0 : 132
%0 = arith.index_cast %arg0 132 to index
%1 = scf.for %arg3 = %cl to %0 step %cl
iter_args (%argd4 = %c0_1i32) -> (i32) {
%2 = arith.index_cast %arg3 index to 132
%3 = arith.muli %2, %arg2 : 132

%4 = arith.addi %arg4, %3 : 132
scf.yield %4 : 132
}
affine.store %1, %argl[O0]
return
}
func. func @v2_impl ($arg0: i32,
%$argl: memref<?xi32>, %arg2: i32)
attributes {llvm.linkage =
#1lvm.linkage<external>} {

memref<?xi32>

%cl = arith.constant 1 index
%c2 = arith.constant 2 index

%$c0_1i32 = arith.constant 0 : 132

%0 arith.index_cast %arg0 132 to index
%1 = scf.for %arg3 = %cl to %0 step %c2
iter_args (%argd4 = %c0_1i32) -> (i32) {
%2 = arith.index_cast %arg3 index to 132
%3 = arith.muli %2, %arg2 : 132

%4 = arith.addi %arg4, %3 : i32
scf.yield %4 : 132

}
affine.store %1, %argl[O0] memref<?xi32>
return

}



func.func @v3_impl (%arg0: 132,
%$argl: memref<?xi32>, %arg2: i32)
attributes
{llvm.linkage = #1llvm.linkage<external>} {
%cl = arith.constant 1 index
%c4 = arith.constant 4 index
%$c0_i32 = arith.constant 0 : i32
%0 = arith.index_cast %arg0 132 to index
%1 = scf.for %arg3 = %cl to %0 step %c4
iter_args(%arg4 = %c0_1i32) -> (i32) {
%2 = arith.index_cast %arg3 index to i32
%3 = arith.muli %2, %arg2 : 132

%4 = arith.addi %arg4, %3 : 132
scf.yield %4 : 132
}

affine.store %1, %argl[0] memref<?xi32>
return

}

func.func @base (%argl0: i32,

%$argl: memref<?xi32>, %arg2: 132)

attributes

{llvm.linkage = #llvm.linkage<external>} {
%$c20_132 = arith.constant 20 : 132
%cl0_132 = arith.constant 10 : 132

%0 = arith.cmpi sle, %arg0, %cl0_i32 : 132
scf.if %0 {

func.call @vl_impl (%arg0, %argl, %arg2)
(132, memref<?xi32>, i32) -> ()

} else {
%1 = arith.cmpi sle, %arg0, %c20_1i32 : 132

scf.if %1 {

func.call @v2_impl (%arg0, %argl, %arg2)
(132, memref<?xi32>, 132) -> ()
} else {
func.call @v3_impl (%arg0, %argl, %arg2)
(132, memref<?xi32>, 132) -> ()
}
}
return
}
output MLIR
func.func @v2_impl (%$arg0: 132,
%argl: memref<?xi32>, %arg2: 132)
attributes {llvm.linkage =
#1lvm.linkage<external>} {
%cl = arith.constant 1 index
%$c2 = arith.constant 2 index
%c0_1i32 = arith.constant 0 : i32
%0 = arith.index_cast %arg0 i32 to index
%1 = scf.for %arg3 = %cl to %0 step %c2
iter_args (%argd4d = %c0_i32) -> (i32) {
%2 = arith.index_cast %arg3 index to i32
%3 = arith.muli %2, %arg2 : 132

%4 = arith.addi %arg4, %3 : 132
scf.yield %4 : 132
}

affine.store %1, %argl([0] memref<?xi32>
return

}

func.func @base(%arg0: i32, %argl:
memref<?xi32>, %arg2: 1i32)

attributes {llvm.linkage =

#1llvm.linkage<external>} {
func.call @v2_impl (%arg0, %argl,
(132, memref<?xi32>, 1i32) -> ()

return

%$arg2)

D QoS METRIC CODE EXAMPLES

This appendix shows the QoS metric definitions from our bench-
marks, as examples of how users specify accuracy constraints
in ApproxMLIR. Each benchmark follows the same pattern: (1)
compile and run the exact configuration once to generate ground
truth, (2) define a QoS metric that returns the accuracy of the
result of the approximate program, (3) define an evaluate_fn
that compiles and runs an approximate configuration and returns
(timems, accuracy), and (4) call ar.tune () with an
accuracy-threshold serving as the QoS lower bound.

Specifically, evaluate_fn is a driver function that orchestrates
the calling of compiled artifacts, including (1) how inputs (i.e.
datasets) are generated or loaded, (2) how compiled artifacts are
called, (3) how accuracy is calculated and (4) the performance is
measured.

D.1 Ranking QoS via Rank-Biased Overlap (BM25,
KB)

For RAG kernels, accuracy is measured as Rank-Biased Over-
lap (RBO) between the exact and approximate ranked document
lists, with persistence parameter p = 0.95. The user needs to
implement compute_similarity (which computes the QoS
metric) and evaluate_fn (a driver function, which contains the
command line and collects the QoS metric and time), then pass
evaluate_fntoar.tune():

QoS metric (RBO):

def compute_similarity(gt_1list,
p=0.95) :
max_depth = min (1000,
max (len(gt_list),
rbo_raw = 0.0
gt_set, approx_set = set(), set ()
for d in range(l, max_depth + 1):
if d <= len(gt_list):
gt_set.add(gt_list[d - 117)
if d <= len(approx_list):
approx_set.add (approx_list[d - 117)

approx_1list,

len (approx_list)))

overlap = len(gt_set & approx_set)
rbo_raw += (p*x(d-1)) * (overlap / d)
norm = (l-p) * sum(
px* (d-1)
for d in range(l, max_depth+1))
if norm == 0.0:
return 0.0
return (l1-p) * rbo_raw / norm

evaluate_fn and tuning entry point

def evaluate_fn(config):
exec_path = compile_mlir_to_native_exec(
manager.apply_config(

annotated_mlir, config),
tag="bm25")
times, accuracies = [], []



for confidence in sample_confidences() :
result = run_exec (
exec_path,
[docs_path, query,
str (confidence)])
time_ms, approx_list = \
parse_kernel_out (result.stdout)
accuracies.append (
compute_similarity(
gt_list, approx_list,
p=0.95))
times.append (time_ms)
return mean (times), mean (accuracies)

ar.tune (
mlir_source=annotated_mlir,
evaluate_fn=evaluate_fn,
accuracy_threshold=float (
os.environ.get (
"ACCURACY_THRESHOLD",
time_budget=12000,
result_callback=result_logger ("bm25"),

"0.9")),

The same metric and driver structure is reused for the KB bench-
mark.

D.2 Centroid QoS via Normalized /5 Error (K-means)

For the K-means clustering kernel, accuracy is defined as 1 —
| exact — Yapprox||2 / ||Yexact||2, meaning comparing the optimal
assignment of approximate centroids with ground-truth centroids:

QoS metric (normalized /2):

def compute_similarity(gt, approx):
best_map, min_dist = {}, float ("inf")
for perm in itertools.permutations (
sorted (approx.keys())):
mapping = dict (
zip (sorted(gt.keys()), perm))

total = sum/(
math.sqgrt (sum(
(a=b) *x*2
for a, b in zip(
gt [k],

approx [mapping[k]])))
for k in gt)
if total < min_dist:
min_dist, best_map = \
total, mapping
y_exact = [c for k in sorted(gt)
for ¢ in gt[k]]

y_approx = [c for k in sorted(gt)
for ¢ in approx[best_mapl[k]]]

norm_diff = math.sqgrt (sum(

(e—a) 2

for e, a in zip(y_exact, y_approx)))
norm_exact = math.sqgrt(

sum(exx2 for e in y_exact))
if norm_exact == 0.0:

return 1.0
return 1.0 - norm _diff / norm_exact

D.3 Unified Tuning Interface

Regardless of which metric is used, all benchmarks share the
same ar.tune () call. Users implement only evaluate_fn
callback, returning a (time.ms, accuracy) pair where
accuracy is any real-valued score in [0, 1] meaningful to the
application:

result = ar.tune
mlir_source=annotated_mlir,
evaluate_fn=evaluate_fn,
accuracy_threshold=0.9,
time_budget=12000,
result_callback=result_logger ("bm25"),



